Abstract
Introduction
Hydropathy is a general term which refers both to hydrophobicity and hydrophilicity, the tendency of proteins and amino acids to like or dislike water interaction. Hydropathy has a profound effect on numerous protein features and is the dominant force in protein folding [1] . Several lattice based methods have been developed to predict the folding process based on hydropathy. Hydrophobic interactions in the protein core remarkably stabilize the structure. Hydrophobic interactions are energetic factors favoring the partitioning of an amino acid side chain from aqueous solution into a protein core or into a membrane bilayer. Hydropathy of proteins and amino acids has been investigated for a long time and several hydropathy scales have been produced for amino acids. Hydrophobic residues are more likely buried in the protein core than hydrophilic amino acids, which are more common on protein surface.
The more buried a residue, the more likely that mutations of the site will be pathogenic [2] . Cavity forming mutations in the hydrophobic core of T4 lysozyme decrease the stability [3] and mutations introducing charge into the core decrease the stability and enzyme activity. Hydropathy predictions have been applied to a number of protein properties. The predictions are easy to make -only the amino acid sequence and propensity table for the residues is needed. Hydropathy scales have been used extensively e.g. to membrane topology prediction, signal peptide recognition, prediction of regions on surface or core of the protein, epitopic regions, amphipathy of helical structures, protein secondary structures, turns, membrane-associated sequences, and surface β-strands. The property has also been applied to structural homology search by hydropathy profile alignment [4] , and identification of novel membrane proteins [5] . Long hydrophilic runs are common only in membrane proteins [6] .
Complementarity in hydropathies is important for several protein-protein and peptide interactions [7] , and it can be used for protein docking [8] .
Scales to measure and indicate amino acid hydropathy have been introduced since the 1970's. Currently there are a large number of scales available and, because the scales have been produced based on different measurements and principles, they often disagree on the degree of hydrophilicity/-phobicity of individual residues. This makes it difficult for prediction method users to select a suitable hydropathy scale. Since the calculation is always done with the same algorithm, the differences originate from the hydropathy scales. Here, we have performed systematic analysis of the accuracy of the hydropathy scales to predict the distribution of amino acids between the protein surface and interior, by correlating predictions with solvent accessible surface as determined from three dimensional structures of proteins.
Results and Discussion
Protein hydropathy predictions are widely used for numerous purposes. However, there has not been information available about the accuracy of the methods apart from prediction of membrane topology (e.g. [9, 10] ) and surface β-strands [11] . Here we performed a systematic analysis of the prediction accuracy by comparing hydropathy predictions with experimental information, namely the accessible surface of the residues in proteins for which the three dimensional structure has been determined either by Xray crystallography or NMR spectroscopy.
The adjustable parameters in hydropathy predictions are the prediction method, amino acid hydropathy scale used, and the prediction window size. We analyzed altogether 56 scales which have been presented for amino acid hydropathy. Since nearly all prediction methods in literature use the sliding window technique, we also used that approach. First we optimized the length of the window i.e. the number of residues for which the hydropathy parameter is calculated at a time.
Literature contains numerous hydropathy scales, many of which were reviewed and normalized [12] to study the performance of the scales in detecting amphipathic helices. Altogether 39 of the scales were complete i.e. parameters were given for all residue types. In some of the old scales parameters were incomplete. Some new scales have been presented. We developed a method to make and present hydropathy predictions with 17 additional scales [13] . To make the scales comparable they were normalized.
Optimization of the prediction window
The effect of the window size was tested by calculating the correlation for all the scales by using window sizes of odd numbers between 5 and 25. Odd numbers were used because the resulting value can be given to the middlemost residue within the window. The results are for the 2441 protein structures investigated.
The window size of 9 consecutive residues was the best for all the scales. The length of the window has a great effect on the prediction accuracy. For the best scales the accuracy varied from -0.12 to -0.26 just by changing the window size. In addition, the order of accuracy of the windows is the same for all the scales indicating that this is an intrinsic property of the hydropathy sliding window method. In all subsequent analyses the window size 9 was used.
We have previously studied the accuracy of protein flexibility predictions [14] . Flexibility indicates how mobile a residue is within a protein. The tested flexibility predictions had correlations in the order of 0.33, whereas the best hydropathy correlations are approximately -0.26 and the worst about -0.11 ( Table  1 ). The correlations are negative because hydrophilic residues have negative values due to our normalization, which was used to organize the scales. The five best scales are those of Nioii [15] , Mijer [16] , Ponnu [17] , Nneig [12] and Guym [18] . Three of these scales are based on statistical amino acid distribution analysis (Nioii, Mijer and Nneig) while one is a combined experimental and statistical scale (Ponnu), and one an average scale (Guym). Thus, different types of scales can provide similarly reliable predictions. However, among the best scales were no experimental scales, the first being in 16th place (Abodr [19] ). Since differences in the overall accuracy are small at the beginning of the list, Abodr is not significantly worse than the top scales. When looking at the methods giving the poorest predictions (Jones [20] , Ponma [21] , Zimmr [22] , IHF1 [23] and Urry [24] ), four of these scales are experimental, Ponma being the only statistical scale. Thus, experimental data alone is not sufficient for the development of accurate hydropathy prediction methods. The least accurate methods are significantly worse than the best scales. The hydropathy characteristics are clearly structure and context dependent, so therefore amino acids, fragments or peptide based experimental scales cannot reliably explain the hydropathy of residues in folded three dimensional protein structures.
The overall correlation is not very high (Table 1) , however since these methods are primarily used to search for the most hydrophilic or hydrophobic regions the applicability is higher than the plain numbers indicate. The reason for the low correlation is that amino acids within e.g. exposed structures are not of one single type. Also protein folding affects the environments e.g. in β-strands every second residue is pointing in the opposite direction. Amphipathy is relatively common in secondary structural elements. Predictions based on linear sequence do not provide very accurate predictions for each individual residue, but observable trends. Predictions of hydrophilic regions have been used for example to raise antibodies. The shapes of the surface accessibility and hydropathy predictions in Figure 2 are relatively similar despite the low correlation. These results clearly point that hydropathy predictions can still be useful for some qualitative purposes, although one has to be diligent when choosing the method and applying the obtained results.
Prediction accuracy of amino acids
There are several groups of amino acid residues with similar or related characteristics; such as positively and negatively charged residues, aliphatic amino acids etc. Amino acids have different distribution for accessible and buried residues ( [25] ). However, practically all residues appear both at buried and exposed sites. There are several other features that lead to different distributions of residues in e.g. secondary structures and 3D folds. The hydropathy predictions were best for residues A, E, G, K, P, S and T (≤-0.20) (Figure 1 ). The correlations are in the order of -0.3, whereas the worst predictions for C, I, L, F, W and Y are merely around -0.1. Among the well predicted residues are A and G, the most flexible residues, and P, which has restricted main chain torsion angles. Three of the poorly predicted residues are bulky aromatic amino acids and two of them are aliphatic (I, L). H also has relatively poor overall prediction accuracy. The results are very similar for all the methods i.e. the same residues have poor or good predictions independent of the scale.
The scales were normalized so that glycine has value 0 and hydrophilic amino acids have negative values. Values in some scales were so skewed that glycine was not given value 0 [12] . The differences in the values between the scales are very high for some residues, even so that the scales do not agree whether a residue is hydrophilic or hydrophobic. The values for amino acids in the scales for the best methods are close to each other, although they are based on different principles.
Correlation of hydropathy predictions to linear epitope regions
One widely used biological application of hydropathy scales is to predict the location of antigenic regions, i.e. epitopes. Based on these predictions, antibodies have been produced against synthetic peptides and used to bind to full length proteins. Epitopes can either be conformational or linear. Hydropathy predictions cannot detect conformational epitopes because they are formed by regions that fold together from different parts of the polypeptide chain. Linear epitopes are formed by consecutive amino acids in exposed regions on the protein surface. Hydropathy predictions should be able to detect such regions. We tested the usability of the best hydropathy scales by predicting epitopes for a number of proteins for which the structure and location of linear epitopes is known. The data was taken from the Immune Epitope Database and Analysis Resource (IEDB) [55] . Figure 2 indicates that the B-cell epitopes are indeed predicted to have hydrophilic peaks. Instead of long hydrophilic runs, the predictions have peaks within the epitope regions. The predictions are not necessarily highest for epitopes. The house dust mite allergen Der p2 structure ( Figure 2B) indicates that epitope regions can be relatively reliably predicted even when the overall correlation is low (-0.03 to -0.09). For the other proteins in the figures, the correlations range from -0.14 to -0.44. It is difficult to elucidate which ones of the hydrophilic peaks represent epitopes. It could therefore be necessary to synthetize several peptides and produce several antibodies, which is costly. Combination with other epitope prediction methods could possibly increase the success rate. Recently, in addition to amino acid propensity scale based methods (e.g. 12, 13) some more advanced machine learning methods have been released based on e.g. neural networks [56] , hidden Markov model [57] , and Gibbs sampling [58] .
Conclusions
We investigated the prediction accuracy of numerous hydropathy scales. A window size of 9 proved to be the best for all the scales. Window size has a strong effect on the accuracy. The correlations for the best scales are in the order of -0.26. The overall correlation is very low. The sliding window technique smoothes the predictions over several residues. Therefore the method cannot predict correctly alternating exposed/buried sequence stretches for example.
Results for different amino acids vary greatly within each scale, but are more consistent between the scales. Hydropathy scales have been determined based on many principles. Experimental scales measuring the partition between phases are on average the poorest. This implies that folded protein structures have many additional features not measured when investigating just fragments, amino acids or short peptides.
Previously correlation of the hydropathy scales [59] was investigated for five scales. They obtained correlation coefficients in the range of 0.40 to 0.45. The difference in correlations to those measured by us is due the method they applied. They used an average sequence for each position build based on multiple sequence alignment in addition the average accessibility was calculated from a family of proteins. This is a good approach when working with a family of sequences and several structures are available. However, hydropathy predictions are mostly used when this kind of data is unavailable and the normal sliding window approach is the solution. In protein families with several known structures no need for predictions exists.
The accuracy of linear epitope predictions have been assessed for 484 amino acid property scales including several hydropathy scales [60] . This analysis concentrated on peak values and predictions of epitopes for 50 proteins. The correlation was very poor even for the best scales (in the order of 0.15).
In conclusion, hydropathy scales are widely used without any idea about how reliable the results are. We performed the first large scale analysis to correlate hydropathy scales with surface exposure of residues in 3-D structures. Hydropathy predictions have numerous applications and are widely used by biologists. For many purposes trends in hydropathy are more important than actual values. Despite low overall correlation, hydropathy predictions can still be used for some applications but only when qualitative analysis is sufficient.
Methods
We studied the accuracy of the hydropathy scales by calculating the Pearson correlations between predicted amino acid hydropathy and calculated accessible surface areas for protein 3-D structures obtained from the PDB [61] . The proteins were taken from the 25% list of PDBselect [62] . These structures are not more than 25% identical at sequence level. 2441 structures were used in the analysis.
The hydropathy predictions were calculated by using the sliding window averaging technique. The hydrophobicity scale assigns a hydropathy value to each amino acid and a mean hydropathy value was calculated within the window. The mean value was given for the middlemost amino acid in the window and repeated in steps of one amino acid for the whole sequence. Window lengths of odd numbers between 5 and 25 amino acids were analyzed. The hydropathy scales were normalized so that the values vary between -10 and 10. Glycine was assigned a zero, hydrophobic amino acids have positive values and hydrophilic negative values.
The amino acid sequences and accessibility values were derived with STRIDE [63] , which uses both hydrogen bond energy and main chain dihedral angles to recognize secondary structural elements. Solvent accessible surface (SAS) values for each amino acid calculated with STRIDE were divided by the maximum value of the amino acid. The amino acid maximum accessibility values were determined from an extended conformation where residues were surrounded by glycines on both sides.
For correlations we used Pearson Product Moment Correlation ∑xiyi -∑xi∑yi/N r = , ((∑xi2 -(∑xi)2/N)*( ∑yi2 -(∑yi)2/N)) where r is Pearson's correlation coefficient, xi is the mean hydropathy value within a window, yi is the maximum value divided SAS value corresponding xi, and N denotes the number of amino acids. The analysis was extended by calculating Pearson correlations between accessibility values and hydropathy values for the 56 scales for the 20 amino acids.
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